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Factors that affect highway-related crash frequency and injury severity vary across ob-
servations. Using a methodology that does not account nor correct for heterogeneity in
observed and unobserved crash factors across highway segments may lead to biased and
inconsistent estimated coefficients, thus resulting in erroneous inferences. The present
paper demonstrates the use of random-parameters models to facilitate and enhance how
crash factors affect crash frequency and injury severity along a highway segment. The
results indicate that a unit increase in the presence of stop sign along a highway segment
reduces crash frequency by 2.471 for 87.24% of the roadway segments. For the remaining
12.76% of the roadway segments, crash frequency is increased by the same margin. Using
the random-parameters multinomial logit model, the result indicates that, for 90.89% of
the observations, the presence of a stop sign on a highway segment increases the proba-
bility of the injury outcome. For 9.11% of the observations, the presence of a stop sign on a
highway segment reduces the probability of the injury outcome, and the marginal effect
value across observations is 0.0017. Vertical grades greater than 5% increase crash fre-
quency for 58.46% of the highway segments, and decrease for 41.54% of the highway
segments by 0.121 for one unit increase in vertical grades.
© 2016 Periodical Offices of Chang'an University. Production and hosting by Elsevier B.V. on
behalf of Owner. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
In past decades, highway traffic safety has seen some im-
provements due to enhanced vehicle safety features and
highway design. Nonetheless, crash frequencies in many
countries have not significantly decreased as expected. Recent800.
al Offices of Chang'an Un
'an University. Production
se (http://creativecommoworldwide highway safety reports indicate that, out of every
single road traffic fatality, twenty people would be injured,
and by 2030, highway-related crashes will be among the top
five leading causes of death (WHO, 2013). Worldwide highway
crash statistics worldwide show that about 1.24 billion people
are killed per year, with over 20e50 billion people injured,
costing over $500 billion in total (WHO, 2013). Fatalities andiversity.
and hosting by Elsevier B.V. on behalf of Owner. This is an open
ns.org/licenses/by-nc-nd/4.0/).
Table 1 e Descriptive statistics of selected continuous
variables.
Variable description Mean Std.
dev.
Minimum Maximum
Number of crashes 4.964 3.881 1 20
Average annual daily
combination truck traffic
volume
5002 5083 205 20,115
Lane width (in feet) 10.328 1.190 9 12
Median width (in feet) 23.418 66.306 0 99
Average annual daily
passenger car traffic
volume
61,336 57,634 1568 209,827
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in distress, productivity loss, and huge medical costs.
While numerous research efforts have been conducted to
investigate and comprehend the factors influencing crash
frequency on highway segments and intersections to provide
effective countermeasures, much work is still needed (Zohar,
2010). The purpose of this paper is to demonstrate an
approach that improves the understanding of the influence
of identified factors in predicting crash frequency and injury
severity along highway segments.
A number of methodological approaches have been
employed in recent years to understand the influencing fac-
tors of highway traffic safety. Out of these methodological
approaches, the Poisson and negative binomial models have
been commonly adopted to predict crash frequencies, and the
multinomial logit model has been used to predict injury
severity, with respect to modeling count and discrete data in
traffic highway safety (Agbelie, 2016; Agbelie and Roshandeh,
2014; Simon and Corbett, 1996; Simons-Morton and Hartos,
2003). Additionally, to account for the presence of “no crash”
and other variations in the dataset, some other modified
count models were developed, including the Poisson and
negative binomial zero-inflated models, Con-
wayeMaxwellePoisson generalized linear models, and Pois-
son and negative binomial with random effects models (Lord
et al., 2008; Shankar et al., 2003).
Even though a number of studies (Cameron and Trivedi,
1986; Eluru et al., 2008; Fridstrøm et al., 1995) adopted count-
data and discrete models to enhance the understanding of
many factors influencing highway-related safety, the under-
lining assumption of the most models was that the estimated
parameters fixed across observations for intersections or
highway segments. If the estimated parameters do actually
vary across observations, and the methodology fixes these
parameters, it will lead to biased and inconsistent coefficient
estimates (Greene, 2012; Washington et al., 2011).
Accounting for the possibility of unobserved heterogeneity
across observations, by allowing all or some of the estimated
parameters to vary across intersections or highway segments,
can improve the current comprehension of the influencing
factors that impact highway-related safety. The application of
a random-parameters model to account for unobserved het-
erogeneity across observations has been established to have
enormous potential, as evidenced by previous studies on
discrete outcome models (McFadden and Train, 2000; Milton
et al., 2008). Thus, given the possibility of heterogeneity in
observed and unobserved factors for highway segment crash
frequency and severity data, the random-parameters
approach can be a suitable methodology to adopt.
Table 2 e Descriptive statistics of selected indicator
variables.
Variable description (1 if yes,
0 otherwise)
Distribution (%)
0 1
Indicator variable: road segment in
urban area
95 5
Indicator variable: rolling terrain segment 98 2
Presence of ice on pavement surface 97 3
Crash occurring during daylight 92 8
Presence of stop signs 94 6
Vertical grade greater than 5% 73 272. Empirical setting
The random-parameters negative binomial model is demon-
strated using detailed data fromWashington State. The crash,
environmental, highway inventory, and traffic volume data
for Washington State were made available from the Highway
Safety Information System. The data consist of 21,069 high-
way segments in the year 2011, with each highway segment
presenting homogenous features to identify the beginningand end points. The minimum and maximum lengths of the
segments are 0.12, and 4.8 miles respectively, with a standard
deviation of 0.19 miles. The crash data details available to the
present study include the total number of crashes on a road
segment, crash type (e.g., 27 detailed descriptions including
head-on collisions), and severity of crash (e.g., property
damage, injury and fatality). The highway inventory dataset
available includes the functional class of road, segment
length, gradient type (e.g., vertical curve, angle point or gap),
direction of grade, percent of grade, access control, shoulder
width and type, median width and type, terrain (e.g., rolling,
mountainous, and level), lane type and number, pavement
surface condition, and lighted condition. The traffic flow
characteristics include the average annual daily passenger
traffic volume, percentage of combination truck traffic,
average annual daily combination truck traffic volume,
intersection control type, and posted speed limit. The other
remaining group of variables includes the weather and year/
month of crash. As a result of the quantum of data made
available, only the summary statistics of the variables statis-
tically significant in the subsequent estimation of the
random-parameters negative binomial model are discussed.
The descriptive statistics of the selected continuous variables
are presented in Table 1, while the distributions of the
indicator variables are presented in Table 2. For example, in
Table 1, the mean, standard deviation, minimum, and
maximum values for average annual daily combination
truck traffic volume are 5002, 5083, 205, and 20,115,
respectively. In Table 2, highways with a vertical grade lower
than 5% constituted 73% of the model data, while highways
with a vertical grade greater than 5% constituted 27% of the
model data. The crash injury severity distributions are as
j o u r n a l o f t r a ffi c and t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 6 ; 3 ( 3 ) : 2 3 6e2 4 223866.42% (property damage only), 33.24% (injury), and 0.34%
(fatality).3. Methodology of crash frequency
investigation
To empirically examine the safety impacts of weather,
roadway geometric, traffic flow, and spatial characteristics on
highway segments, this paper will analyze the frequency of
crashes. Crash frequencies are nonnegative integers, and the
use of a count data modeling technique will be an appropriate
methodology. A number of count data methodologies
including Poisson regression, zero-inflated Poisson regression,
negative binomial and zero-inflated negative binomialmodels
have been used in the literature (Washington et al., 2011).
The simple framework of a Poisson model for a highway
segment can be defined as follow
P

uj
 ¼ exp

mj

m
uj
j
uj!
(1)
where P(uj) is the probability of a highway segment j having uj
crashes per year, mj is the assigned Poisson parameter for
highway segment j, which is highway j's expected crash fre-
quencies, E(uj).
The crash frequency parameter uj is primarily specified, in
the Poisson regression, as a function of independent variables
on the basis of a log-linear function.
mj ¼ exp

gXj

(2)
where g is a vector of estimable parameters, Xj is a vector of
independent variables (Washington et al., 2011).
In order for thePoissonmodel tobeselected foranalysis, the
available datamustmeet a constraintwhere both the variance
and mean are equal, such that Var(uj) ¼ E(uj). If this equality
constraint is violated, the data can be considered as either
underdispersed Var(uj) < E(uj) or overdispersed Var(uj) > E(uj).
Ignoring this constraint will cause the estimated param-
eter vector standard errors to be inconsistent resulting in
inaccurate inferences. In order to account for the possibility of
either underdispersion or overdispersion in the data, a nega-
tive binomial model is often selected and it is derived by
amending Eq. (2) as follow
mj ¼ exp

gXj þ ej

(3)
where exp(ej) is a gamma-distributed error termwith variance
4 and mean 1.
The additional term is added to allow the variance flexi-
bility to vary from the mean Var(uj) ¼ E(uj)$
[1 þ 4E(uj)] ¼ E(uj) þ 4E2(uj).
The negative binomial probability density function can be
written as follow
P

uj
 ¼
"
1=4
ð1=4Þ þ mj
#1=4
G
ð1=4Þ þ uj
Gð1=4Þuj!
"
mj
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#uj
(4)
where G($) is a gamma function.
As 4 approaches zero, the Poisson regression becomes a
restrictive model of the negative binomial regression.Therefore, in cases where the dispersion factor, 4 is statisti-
cally significant, the selection of the negative binomial is
appropriate, however, when the dispersion factor is not sta-
tistically different from zero, Poisson model is appropriate
(Washington et al., 2011). In order to account for possible
heterogeneity which may vary from one highway segment
to another, the random-parameters model can be introduced.
To develop a random-parameters model that accounts for
possible unobserved heterogeneity across highway segments,
the individual estimable parameters are written as follow
gj ¼ gþ bj (5)
where bj is a randomly distributed term for each highway
segment j.
The term is able to take on an extensive variety of distri-
butions including logistic, log-normal, Erlang, Weibull,
normal, etc. On the basis of Eq. (5), the crash frequency
parameter, mj, becomes mjjbj ¼ exp(gXj þ ej) in the negative
binomial with the corresponding probabilities for Poisson or
negative binomial becoming P(ujjbj). In this case, the log-
likelihood (LL) function of the random-parameters negative
binomial is written as follow
LL ¼
X
cj
ln
Z
bj
g

bj

P

uj
bjdbj (6)
where g(bj) is the probability density function of the bj.
Due to the required numerical integration of the negative
binomial function over the distribution of the random pa-
rameters, the maximum likelihood estimation of the random-
parameters negative binomial model becomes computation-
ally clumsy. Thus, a simulation-based maximum likelihood
method is used in the analysis. Using the simulation-based
analysis, the estimated parameters maximize the simulated
log-likelihood function while allowing for the possibility that
thevariancebj forhighwaysegments is statistically significant.
The statistic, r2 ¼ 1LL(b)/LL(0), is used to evaluate the good-
ness-of-fit of the developed model (Greene, 2012; Washington
et al., 2011),where LL(0) is the log-likelihoodat zero, andLL(b) is
the log-likelihood at convergence of the model.
As a result of the efficient distribution of draws in the nu-
merical analysis, simulation-based maximum likelihood uses
the Halton draws (Halton, 1960). The Halton draws is the
approach used most often and has been proven to be more
superior than purely random draws (Greene, 2012).
In order to evaluate the impact of each individual inde-
pendentvariable on themeancrash frequency,marginal effect
values are generated. The marginal effects show the impact
that a unit change in x has on the expected crash frequencies,
mj, at each highway segment j, and computed as the partial
derivatives vmj/vx. In the present study, while marginal effects
are derived for each highway segment j, the averages over the
highway segment population will be presented.4. Methodology of crash severity
investigation
Crash severity, which is a discrete outcome, can be broadly
categorized into three levels: fatality, injury (e.g., possible
Table 3 e Random-parameters negative binomial model for annual accident frequencies, with all random parameters
normally distributed.
Variable description Estimated
parameter
t-statistic p-value Marginal
effect
Constant (standard deviation of parameter distribution) 1.203 (0.386) 61.123 (112.435) 0.000
Indicator variable: road segment in urban area 0.434 16.327 0.000 1.839
Indicator variable: rolling terrain segment 0.106 2.842 0.004 0.449
Presence of ice on pavement surface (1 if yes, 0 otherwise) 0.191 6.288 0.000 0.809
Crash occurring during daylight (1 if yes, 0 otherwise) 0.214 12.801 0.000 0.906
Average annual daily combination truck traffic (standard deviation of
parameter distribution)
2.875  103 18.256 0.000 1.010  103
Presence of stop signs (1 if yes, 0 otherwise) (standard deviation of
parameter distribution)
0.579 (0.509) 26.689 (28.070) 0.000 2.457
Vertical grade greater than 5% (standard deviation of parameter
distribution)
0.028 (0.131) 3.727 (20.492) 0.000 0.121
Lane width (in feet) (standard deviation of parameter distribution) 0.014 (0.019) 10.706 (77.857) 0.000 0.059
Median width (in feet) (standard deviation of parameter distribution) 6.561  104 (3.574  104) 9.634 (6.600) 0.000 0.003
Average annual daily passenger car traffic (standard deviation of
parameter distribution)
4.601  104 (1.521  104) 33.238 (42.305) 0.000 1.952  103
Negative binomial dispersion parameter 69.354 7.685 0.000
Number of observations 21,069
Log-likelihood at zero LL(0) 181,291.80
Log-likelihood at convergence LL(b) 51,446.83
r2 ¼ 1  LL(b)/LL(0) 0.72
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method used for analyzing discrete data is the random-pa-
rameters logit model, and it has been used to investigate the
likelihood of a vehicular crash with a severity level through
the estimation of the probability of discrete outcomes taking
placewith an assumption that the crash had already occurred.
In this paper, the random-parameters logit model is used
to investigate the severity levels of highway segment crashes,
with an empirical dataset. Using the outcome probabilities,
the general framework used is as follow
Yrs ¼ brXrs þ zrs (7)
where Yrs is crash injury severity function for estimating crash
severity category (fatal, injury, no injury) r on s each crash
observations along a highway segment, br is a vector of esti-
mable coefficients for outcome r with a likelihood of it chang-
ing across observations, Xrs is a vector of explanatory variables
influencing the crash injury severity type r in s separable crash
observations, zrs is the disturbance term, considered as the
generalized extreme value distributed (McFadden, 1981).
To apply the random-parameters logit framework, the
outcome probabilities equation is as follow
PsðrÞ ¼
Z
x
PsðrÞfðbrjlÞdb (8)
where Ps(r) is the probability of observation s with discrete
outcomes r, f(brjl) is the density function of bwith l denoting a
vector of coefficients of that density function (mean and
variance).
The resulting random-parameters logit model becomes as
follow
PsðrjlÞ ¼
Z
ebrXrsP
ebrXrs
fðbrjlÞdbr (9)
where Ps(rjl) is the outcome probability for condition f(brjl).To facilitate the estimation of the random-parameters logit
model, br would capture the crash-specific differences of the
impact of the explanatory variables on crash injury severity
probabilities, on the basis of the density function f(brjl)
enabling the computation of br.5. Estimation results
A simulation-based maximum likelihood with 200 Halton
draws was used to estimate the crash frequency and severity
models. The two hundred Halton draws have been demon-
strated to return reliable and accurate parameter estimates
(Bhat, 2003). The quantity was selected for the simulation
because fewer Halton draws are needed to attain
convergence (Train, 2003). Furthermore, the efficiency of
Halton draws is primarily significant compared to random
draws. These distributions (e.g., uniform, triangular,
lognormal and normal) were initially investigated to select
the random parameters density functional forms. The
normal distribution was found to produce the best statistical
fit for all the random parameters. The statistical software
used for the analysis was NLOGIT Version 4.0.
The random-parameters negative binomial and random-
parameters logit estimated results and marginal effect values
are shown in Tables 3 and 4, respectively.
An estimated parameter is considered random across
highway segments when the standard deviation of the
parameter density is statistically significant (Agbelie, 2014).
But if the estimated standard deviation is not statistically
different from zero (not statistically significant), the
estimated parameter will be considered fixed across the
population of highway segments. The estimation results
presented in Table 3 indicate that, out of the 11 estimated
parameters, 6 parameters are statistically significant
Table 4 e Random-parameters multinomial logit model for accident severities, with all random parameters normally
distributed.
Crash severity Variable description Estimated
parameter
t-statistic p-value Marginal
effect
No injury Indicator variable: road segment in urban area (standard deviation of
parameter distribution)
0.034 (0.022) 3.750 (4.568) 0.000 0.0011
Lane width (in feet) (standard deviation of parameter distribution) 0.003 (0.005) 6.033 (8.236) 0.000 0.0266
Crash occurring during daylight (1 if yes, 0 otherwise) (standard
deviation of parameter distribution)
0.039 (0.061) 2.684 (6.256) 0.007 0.0020
Indicator variable: rolling terrain segment (standard deviation of
parameter distribution)
0.082 (0.066) 3.152 (5.564) 0.001 0.0112
Injury Constant 0.019 5.790 0.000 0.0125
Lane width (in feet) (standard deviation of parameter distribution) 0.005 (0.006) 3.330 (9.235) 0.001 0.0453
Presence of stop signs (1 if yes, 0 otherwise) (standard deviation of
parameter distribution)
0.048 (0.036) 3.726 (8.325) 0.000 0.0017
Presence of ice on pavement surface (1 if yes, 0 otherwise) (standard
deviation of parameter distribution)
0.119 (0.822) 3.925 (4.144) 0.000 0.0016
Average annual daily combination truck traffic volume (standard
deviation of parameter distribution)
0.002 (0.004) 4.425 (5.223) 0.000 0.0098
Indicator variable: snow weather condition during crash (standard
deviation of parameter distribution)
0.002 (0.022) 3.628 (6.339) 0.000 0.0015
Fatal Constant 0.033 4.656 0.000 0.0223
Presence of ice on pavement surface (1 if yes, 0 otherwise) (standard
deviation of parameter distribution)
0.090 (0.160) 3.433(4.898) 0.000 0.0013
Indicator variable: snow weather condition during crash (standard
deviation of parameter distribution)
0.133 (0.213) 4.961 (5.231) 0.000 0.0019
Number of observations 21,069
Log-likelihood at zero LL(0) 50,771.03
Log-likelihood at convergence LL(b) 22,750.58
r2 ¼ 1  LL(b)/LL(0) 0.55
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observations, and the remaining five are fixed across
highway segments. For the random-parameters logit model,
all parameters are random across observations.
Turning to the specific results, it can be observed that an
increase in urban areas with population greater than 50,000
people along a highway segment will reduce the mean crash
rates. This variable is fixed across the highway segment
population, with highway segments having an average of
1.839 accidents per year, as shown by the marginal effect
value. From the severity model, the indicator variable for a
highway segment in an urban area was found to be normally
distributed with a mean of 0.034 and a standard deviation of
0.022. This indicates that, for 94.31% of the observations,
having a highway segment in an urban area increases the
probability of the no-injury outcome. For 5.69% of the obser-
vations, having a highway segment in an urban area reduces
the probability of the no-injury outcome, with a marginal ef-
fect of 0.0011.
The presence of a stop sign on a highway segment pro-
duces a normal distribution parameter that is negative for
87.24% of the roadway segments and positive for 12.76% of the
roadway segments. A unit increase in the presence of a stop
sign along a roadway segment will decrease crash frequency
by 2.471 for 87.24% of the highway segments, while increasing
crash frequency by the samemargin for 12.76% of the highway
segments. For most of the roadway segments, increasing the
number of stop signs decreases crash frequency, as drivers
likely compensate for the increased number of stop signs on
the highway segment by slowing down and increasing alert asthey approach an intersection with a stop sign. For the
random-parameters multinomial logit model, this indicator
variable also produces a normally distributed parameter.
Thus, for 90.89% of the observations, the presence of a stop
sign on a highway segment increases the probability of the
injury outcome. For 9.11% of the observations, the presence of
a stop sign on a highway segment reduces the probability of
the injury outcome, and the marginal effect value across ob-
servations is 0.0017.
An increase in highway segments with rolling terrain in-
creases the mean accident rate. This can be attributed to the
short sight distance and restrictive alignment of these seg-
ments. The parameter is fixed across the population of high-
way segments with rolling terrain, and a unit increase in
highway segments with rolling terrain will increase the mean
accident rate by 0.449. For 89.29% of the observations, the
presence of rolling terrain on a segment increases the proba-
bility of the no-injury outcome, while for 10.71% of the ob-
servations, the presence of a rolling terrain on a highway
segment reduces the probability of the no-injury outcome.
The presence of ice on a pavement surface has a negative
fixed parameter, where a unit increase of ice along the
roadway segment results in a 0.809 decrease in the average
annual number of crashes. This finding likely reflects the
capability of road users to adapt accordingly to highway seg-
ments with ice conditions by becoming increasingly alert and
reducing speeds to reduce the reaction time for stopping on
ice. Using the severity model, the indicator variable for the
presence of ice on a highway pavement is normally distrib-
uted with a mean of 0.119 and a standard deviation of 0.822
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observations, the presence of ice on a highway pavement re-
duces the probability of the injury outcome. For 44.24% of the
observations, the presence of ice on a highway pavement in-
creases the probability of the injury outcome. The fatal
outcome result indicates that, for 71.31% of the observations,
the presence of ice on a highway pavement reduces the
probability of the fatal outcome. For 28.69% of the observa-
tions, the presence of ice on a highway pavement increases
the probability of the fatal outcome.
The increase in the number of combination trucks along a
highway segment is found to decrease crash frequency. A unit
increase in the volume of combination trucks decreases crash
frequency by 0.0001 per year. This result implies that
increasing the number of combination trucks on the roadway
segment decreases the number of crashes, possibly because
motorists adapt to the sight of these vehicles, resulting in
increased alertness ofmotorist. Thus, increasing the number of
combination trucks on the roadway segment decreases the
likelihood of a crash but increases the severity once a crash
occurs. From the random-parameters multinomial model, the
combination truck volume is found to be normally distributed
with a mean of 0.002 and standard deviation of 0.004 for the
injury outcome. This indicates that, for 69.15% of the observa-
tions, an increase in combination truck volume along a high-
way segment increases the probability of the injury outcome.
For 30.85% of the observations, increased combination truck
volume reduced the probability of the injury outcome.
Vertical grades greater than 5% increases mean accident
rates on highway segments. The estimated parameter is
normally distributed across roadway segments, and it is pos-
itive for 58.46% of the highway segments and negative for
41.54% of the highway segments. A unit increase in vertical
grades above 5% can increase crash frequency by 0.121 for 58%
of observations and decrease crash frequency by the margin
for 42% of observations.
Lane width produced a normal distributed parameter that
is positive for 76.94% of the roadway segments and negative
for 23.06% of the roadway segments. A unit increase in lane
width on highway segments increases the number of crashes
per year by 0.059 for most of the segments. This result sug-
gests that the conventional assumption of reducing crashes
by increasing lane width is only true 23% of the time along a
highway segment. Thus, for 77% of the time along highway
segments, increasing lane width will increase crash fre-
quencies rather than decrease them. The severity model in-
dicates that, for 79.77% of the observations, an increase in lane
width reduces the probability of the injury outcome. For
20.23% of the observations, an increase in lane width in-
creases the probability of the injury outcome.
Highway segments with wider median widths have
decreased crash frequencies. The median variable produces a
normal distributed parameter, and a unit increase in median
width decreases the annual number of crashes by 0.003 for
96.68% of the roadway segments while increasing the number
of crashes by the same margin for 3.32% of the roadway seg-
ments. This result shows that roadway segments with wider
medians generally decrease the number of crashes per year.
This is because, assuming there is a possibility of a crash, the
wider median serves as a buffer zone for exiting.Finally, increasing the number of passenger cars along a
roadway segment increases the possibility of crash frequency.
This variable has a normally distributed parameter, and a unit
increase in passenger car volume will increase crash fre-
quency by 1.952  103 for 99.88% of the highway segments. It
decreases the number of crashes per year by the samemargin
for 0.12% of the highway segments.6. Summary and conclusion
The factors that affect highway-related crash frequency and
injury severity can be considered to vary across observations.
Using a methodology that does not account nor correct for
heterogeneity in both observed and unobserved crash factors
across highway segments can lead to biased and inconsis-
tently estimated coefficients, thus resulting in erroneous in-
ferences. This paper demonstrates the use of random-
parameters negative binomialmodel and random-parameters
multinomial logit model to facilitate and enhance how crash
factors affect crash frequency and injury severity along a
highway segment.
Using highway crash data from Washington State for the
year 2011, the estimation results provide interesting insights
in to a number of factors. For the count model, 55% of the
estimated parameters are statistically significant and vary
significantly across observations, while the severity model
has all the estimated parameters varying across observations.
The results of this study suggest that adopting a method-
ology that accounts and corrects for heterogeneity in observed
and unobserved factors in crash frequency and severity
analysis can produce consistent marginal effect values. These
values can facilitate an estimation of the impacts of effective
highway-related safety countermeasures along highway seg-
ments. Also, the effects of the highway characteristics are not
fixed across observations, and thus, an analysis of safety ef-
fects should consider the possibility of these parameters
varying across observations.r e f e r e n c e s
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